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Pretrained language models such as BERT, GPT have shown great effectiveness in language
understanding. The auxiliary predictive tasks in existing pretraining approaches are mostly
defined on tokens, thus may not be able to capture sentence-level semantics very well. To
address this issue, we propose CERT: Contrastive self-supervised Encoder Representations
from Transformers, which pretrains language representation models using contrastive self-
supervised learning at the sentence level. CERT creates augmentations of original sentences
using back-translation. Then it finetunes a pretrained language encoder (e.g., BERT) by
predicting whether two augmented sentences originate from the same sentence. CERT
is simple to use and can be flexibly plugged into any pretraining-finetuning NLP pipeline.
We evaluate CERT on three language understanding tasks: CoLA, RTE, and QNLI. CERT
outperforms BERT significantly.
1. Introduction
Large-scale pretrained language representation models such as BERT (Devlin et al., 2018),
GPT (Radford et al., a), BART (Lewis et al., 2019), etc. have achieved dominating per-
formance in various natural language processing tasks, such as text generation, reading
comprehension, text classification, etc. The architectures of these models are mostly based
on Transformer (Vaswani et al., 2017), which uses self-attention to capture long-range de-
pendency between tokens. The Transformer encoder or decoder is pretrained on large-scale
text corpus by solving self-supervised tasks, such as predicting masked tokens (Devlin et al.,
2018), generating future tokens (Radford et al., a), denoising corrupted tokens (Lewis et al.,
2019), etc. In these works, the targets to be predicted are mostly at the word level. As a
result, the global semantics at the sentence level may not be sufficiently captured.
To address this issue, we propose CERT: Contrastive self-supervised Encoder Represen-
tations from Transformers, which uses contrastive self-supervised learning (CSSL) (He et al.,
2019; Chen et al., 2020a) to learn sentence-level representations. Recently, CSSL has shown
promising results in learning visual representations in an unsupervised way (He et al., 2019;
Chen et al., 2020a). The key idea of CSSL is: create augments of original examples, then
learn representations by predicting whether two augments are from the same original data
example or not. CERT creates augments of sentences using back-translation (Edunov et al.,
. †The work was done during internship at UCSD.
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2018), then finetunes a pretrained language representation model (e.g., BERT, BART) by
predicting whether two augments are from the same original sentence or not. Different from
existing pretraining methods where the prediction tasks are defined on tokens, CERT defines
the prediction task on sentences, which can presumably better capture global semantics at
the sentence level.
CERT uses back-translation (Edunov et al., 2018) to perform sentence augmentation.
Given a sentence x in source language S, we use an S-to-T translation model to translate x
into a sentence y in target language T . Then we use a T-to-S translation model to translate
y into x′ in the source language. x′ is regarded as an augment of x. Translation models for
different target languages are used to create different augments of a source sentence. Given
these augmented sentences, a Momentum Contrast (MoCo) (He et al., 2019) method is used
to perform CSSL. MoCo maintains a queue of augmented sentences (called keys) which are
encoded using a pretrained text-encoder (e.g., BERT) with momentum updates. Given an
augmented sentence (called query), a similarity score is calculated between the BERT (or
any other pretrained text-encoder) encoding of the query and each key in the queue. The
query and a key is labeled as a positive pair if they are augments of the same original
sentence and as a negative pair if otherwise. These binary labels and similarity scores are
used to define contrastive losses (Hadsell et al., 2006). The weights of the pretrained text
encoder are further finetuned by minimizing the contrastive losses. To apply the pretrained
CERT model on a downstream task, we finetune the CERT weights using input data and
labels from the downstream task. CERT is a flexible module that can be integrated with
any pretrained language representation models, such as BERT, BART, ERNIE 2.0 (Sun
et al., 2019), T5 (Raffel et al., 2019), etc.
We evaluate CERT on three language understanding tasks in the GLUE benchmark (Wang
et al., 2018): linguistic acceptability on the CoLA dataset (Warstadt et al., 2019), textual
entailment on the RTE dataset (Dagan et al., 2005) and question-answering natural lan-
guage inference (QNLI) (Rajpurkar et al., 2016). On these tasks, CERT outperforms BERT
significantly, which demonstrates the effectiveness of contrasive self-supervised learning for
language representation.
The major contributions of this paper are as follows:
• We propose CERT, a new language representation pretraining method based on con-
trastive self-supervised learning. The predictive tasks of CERT are defined at the
sentence level, thus presumably can better capture sentence-level semantics.
• We perform evaluation of CERT on three tasks – CoLA, RTE, and QNLI. CERT
performs significantly better than BERT on these tasks.
The rest of the papers are organized as follows. Section 2 and 3 present the methods
and experiments. Section 4 reviews related works and Section 5 concludes the paper.
2. Pre-training of Transformers for Language Understanding
Among the recent works for pretraining language representation models, most of them are
based on the Transformer (Vaswani et al., 2017) architecture. For example, BERT pretrains
Transformer encoder. GPT pretrains Transformer decoder. BART pretrains Transformer
encoder and decoder jointly.
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2.1. Transformer
Transformer (Vaswani et al., 2017) is an encode-decoder architecture for sequence-to-sequence
(seq2seq) modeling (Sutskever et al., 2014). Different from seq2seq models (Sutskever et al.,
2014) that are based on recurrent neural networks (e.g., LSTM (Hochreiter and Schmidhu-
ber, 1997), GRU (Chung et al., 2014)) which model a sequence of tokens via a recurrent
manner and hence is computationally inefficient. Transformer eschews recurrent computa-
tion and instead uses self-attention which not only can capture the dependency between
tokens but also is amenable for parallel computation with high efficiency. Self-attention
calculates the correlation among every pair of tokens and uses these correlation scores to
create “attentive” representations by taking weighted summation of tokens’ embeddings.
Transformer is composed of building blocks, each consisting of a self-attention layer and a
position-wise feed-forward layer. Residual connection (He et al., 2016) is applied around
each of the two sub-layers, followed by layer normalization (Ba et al., 2016). Given the
input sequence, an encoder, which is a stack of such building blocks, is applied to obtain a
representation for each token. Then the decoder takes these representations as inputs and
decodes the sequence of output tokens. To decode the i-th token, the decoder first uses self-
attention to encode the already decoded sequence y1, · · · , yi−1, then performs input-output
attention between the encodings of y1, · · · , yi−1 and those of the input sequence. The “at-
tentive” representations are then fed into a feed-forward layer. The three steps are repeated
for multiple times. Finally, the representation is fed into a linear layer to predict the next
token. The weight parameters in Transformer is learned by maximizing the conditional
likelihood of output sequences conditioned on the corresponding input sequences.
2.2. BERT
BERT (Devlin et al., 2018) aims to learn a Transformer encoder for representing texts.
BERTs model architecture is a multi-layer bidirectional Transformer encoder. In BERT,
the Transformer uses bidirectional self-attention. To train the encoder, BERT masks some
percentage of the input tokens at random, and then predicts those masked tokens by feeding
the final hidden vectors (produced by the encoder) corresponding to the mask tokens into
an output softmax over the vocabulary. To apply the pretrained BERT to a downstream
task such as sentence classification, one can add an additional layer on top of the BERT
architecture and train this newly-added layer using the labeled data in the target task.
3. Contrastive Self-supervised Learning
Self-supervised learning (SSL) (Wu et al., 2018; He et al., 2019; Chen et al., 2020b,a) is a
learning paradigm which aims to capture the intrinsic patterns and properties of input data
without using human-provided labels. The basic idea of SSL is to construct some auxiliary
tasks solely based on the input data itself without using human-annotated labels and force
the network to learn meaningful representations by performing the auxiliary tasks well.
The auxiliary tasks in SSL can be constructed using many different mechanisms. Re-
cently, a contrastive mechanism (Hadsell et al., 2006) has gained increasing attention and
demonstrated promising results in several studies (He et al., 2019; Chen et al., 2020b). The
basic idea of contrastive SSL is: generate augmented examples of original data examples,
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Figure 1: The keys in the queue are encoded using a momentum encoder. Given an aug-
mented data example in the current minibatch (called query) and a key in the
queue, they are considered as a positive pair if they originate from the same data
example, and a negative pair if otherwise. A similarity score is calculated between
the encoding of the query and the encoding of each key. Contrastive losses are
defined on the similarity scores and binary labels.
create a predictive task where the goal is to predict whether two augmented examples are
from the same original data example or not, and learn the representation network by solving
this task.
Different methods have been proposed to implement contrastive SSL. In SimCLR (Chen
et al., 2020a) designed for image data, given the input images, random data augmentation
is applied to these images. If two augmented images are created from the same original
image, they are labeled as being similar; otherwise, they are labeled as dissimilar. Then
SimCLR learns a network to fit these similar/dissimilar binary labels. The network consists
of two modules: a feature extraction module f(·) which extracts the latent representation
h = f(x) of an image x and a multi-layer perceptron g(·) which takes h as input and
generates another latent representation z = g(h) used for predicting whether two images
are similar. Given a similar pair (xi,xj) and a set of images {xk} that are dissimilar from
xi, a contrastive loss can be defined as follows:





where sim(·, ·) denotes cosine similarity between two vectors and τ is a temperature param-
eter. SimCLR learns the network weights by minimizing losses of this kind. After training,
the feature extraction sub-network is used for downstream tasks and g(·) is discarded.
While SimCLR is easy to implement, it requires a large minibatch size to yield high
performance, which is computationally prohibitive. MoCo (Chen et al., 2020a) addresses
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this problem by using a queue that is independent of minibatch size. This queue contains
a dynamic set of augmented data examples (called keys). In each iteration, the latest
minibatch of examples are added into the queue; meanwhile, the oldest minibatch is removed
from the queue. In this way, the queue is decoupled from minibatch size. Figure 1 shows
the architecture of MoCo. The keys are encoded using a momentum encoder. Given an
augmented data example in the current minibatch (called query) and a key in the queue,
they are considered as a positive pair if they originate from the same image, and a negative
pair if otherwise. A similarity score is calculated between the encoding of the query and
the encoding of each key. Contrastive losses are defined on the similarity scores and binary
labels.
4. CERT
CERT takes a pretrained language representation model (e.g., BERT) and finetunes it using
contrastive self-supervised learning on the input data of the target task.
Input texts in source tasks
BERT Pretraining




Labels in target task
Final model
Figure 2: The workflow of CERT. Given the large-scale input texts (without labels) from
source tasks, a BERT model is first pretrained on these texts. Then we continue
to train this pretrained BERT model using CSSL on the input texts (without
labels) from the target task. We refer to this model as pretrained CERT model.
Then we finetune the CERT model using the input texts and their associated
labels in the target task and get the final model that performs the target task.
Figure 2 shows the workflow of CERT. For the ease of presentation, we use BERT as
a running example of the pretrained language representation model. But note that CERT
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can be used on top of other pretrained language representation models such as XLNet, T5,
etc. as well and is not specific to BERT. Given the large-scale input texts (without labels)
from source tasks, a BERT model is first pretrained on these texts. Then we continue to
train this pretrained BERT model using CSSL on the input texts (without labels) from
the target task. We refer to this model as pretrained CERT model. Then we finetune the
CERT model using the input texts and their associated labels in the target task and get the
final model that performs the target task. In CSSL training, CERT augments the original
sentences in the target task using back-translation. Two augmented sentences are considered
as a positive pair if they are created from the same original sentence and a negative pair
if otherwise. The augmented sentences are encoded with BERT and a similarity score is
calculated on the BERT encodings of a pair of sentences. Contrastive losses are defined
on the binary labels and similarity scores. Then the pretrained BERT encoder is further
finetuned by minimizing the contrastive losses. We use MoCo to implement CSSL to avoid





















Figure 3: The workflow of data augmentation based on back translation.
Data Augmentation For each input sentence x in the target task, we augment it using
back-translation (Edunov et al., 2018). Without loss of generality, we assume the language
in the target task is English. We use an English-to-German machine translation (MT)
model to translate x to y. Then we use a German-to-English translation model to translate
y to x′. Then x′ is regarded as an augmented sentence of x. Similarly, we use an English-
to-Chinese MT model and a Chinese-to-English MT model to obtain another augmented
sentence x′′. We use the machine translation models developed in (Britz et al., 2017) for
back-translation.
CSSL Pretraining We use MoCo (He et al., 2019) to implement CSSL. Given two aug-
mented sentences, if they originate from the same original sentence, they are labeled as a
positive pair; if they are from different sentences, they are labeled as a negative pair. We
use a queue to maintain a set of augmented sentences {ki}Ki=1 (called keys). Given an aug-
mented sentence q (called query) in the currently sampled minibatch, it is compared against
each key in the queue. The query is encoded with a pretrained BERT model fq(·; θq) where
θq denotes the weights. Each key is encoded with a pretrained BERT fk(·; θk), where the
weights θk are updated with momentum: θk ← mθk + (1 − m)θq (m is the momentum
coefficient). Without loss of generality, we assume there is a single key k+ in the queue that
forms a positive pair with q. A contrastive loss can be defined as:
− log exp(fq(q; θq) · fk(k+; θk)/τ)∑K
i=1 exp(fq(q; θq) · fk(ki; θk)/τ)
(2)
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where τ is a temperature parameter. The weights of the BERT encoder are finetuned by
minimizing losses of such kind. Note that in this step, only the input sentences of the target
task are used. The labels of these sentences are not touched. To apply the pretrained CERT
model to a downstream task, we further finetune its weights on both the input sentences
and their labels in the target task.
5. Experiments
In this section, we evaluate CERT on three language understanding tasks in the GLUE
benchmark (Wang et al., 2018): linguistic acceptability (Warstadt et al., 2019), textual
entailment (Dagan et al., 2005), and question-answering language inference (Rajpurkar
et al., 2016).
5.1. Tasks and Datasets
CoLA The Corpus of Linguistic Acceptability (Warstadt et al., 2019) is comprised of
English acceptability judgments extracted from articles and books about linguistic theory.
The task is to judge whether a sequence of words is a valid English sentence with cor-
rect grammar. There are 8551 training examples (each consisting of a sequence of words
and a binary label regarding whether this word sequence is a grammatically-correct sen-
tence), 1043 validation examples, and 1064 test examples. The labels in the test set are
not released. We use the validation set for performance evaluation. Matthews correlation
coefficient (Matthews, 1975) is used as the evaluation metric where the range is [−1, 1]. The
higher, the better. The CSSL training in CERT is on the 8551 sentences in the training set.
RTE The Recognizing Textual Entailment (RTE) task is defined as follows: given two
sentences, judge whether one sentence can entail another. Entailment means the truth
of one sentence follows from the other sentence. The datasets are collected from several
annual textual entailment challenges, including RTE1 (Dagan et al., 2005), RTE2 (Haim
et al., 2006), RTE3 (Giampiccolo et al., 2007), and RTE5 (Bentivogli et al.). The sentences
are from news and Wikipedia text. All datasets are converted to a two-class split: for
three-class datasets, neutral and contradiction are collapsed into not entailment. In the
training set, there are 2491 pairs of sentences. Each pair is labeled as either “entailment”
or “not entailment”. The validation set has 278 labeled pairs and the test set has 2985
unlabeled pairs. We use accuracy as the evaluation metric. The performance is measured
on the validation set.
QNLI The Stanford Question Answering Dataset (Rajpurkar et al., 2016) is an open-
ended question-answering dataset. Given a Wikipedia paragraph and a question, the task
is to identify a text span from the paragraph as the answer to this question. From this
dataset, Wang et al. (2018) creates a question-answering natural language inference (QNLI)
task: given a pair of sentences (q, p) where q is a question, judge whether p contains the
answer of q. The dataset is split into a training set, a validation set, and a test, containing
104742, 5462, and 5462 pairs respectively. Each pair in the training and validation set has
a binary label regarding whether the second sentence contains the answer of the question
(the first sentence). Since labels in the test set are not released, we use the validation set to
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evaluate the performance. The evaluation metric is accuracy. The CSSL training in CERT
is on the sentences in the training set.
5.2. Experimental Settings
In MoCo, the size of the queue was set to 96606. The coefficient of MoCo momentum of
updating key encoder was set to 0.999. The temperature parameter in contrastive loss was
set to 0.07. Multi-layer perceptron head was used. For MoCo training, a stochastic gradient
descent solver with momentum was used. The minibatch size was set to 16. The initial
learning rate was set to 4e-5. The learning rate was adjusted using cosine scheduling. The
number of epochs was set to 100. Weight decay was used with a coefficient of 1e-5.
For CoLA finetuning, the maximum sequence length was set to 128. Minibatch size was
set to 16. Learning rate was set to 3e-5. The number of training epochs was set to 20. For
RTE finetuning, the maximum sequence length was set to 128. Minibatch size was set to
16. Learning rate was set to 2e-5. The number of training epochs was set to 5. For QNLI
finetuning, the maximum sequence length was set to 128. Minibatch size was set to 16.
Learning rate was set to 2e-5. The number of training epochs was set to 3.
5.3. Results
Table 1 shows Matthews correlation on the CoLA validation set. Our CERT method
achieves a score of 62.6, which significantly improves upon BERT, which achieves a score
of 60.6. This demonstrates the effectiveness of contrastive self-supervised learning in better
capturing global semantics at the sentence level. For the convenience of the readers, we
also show the results of state-of-the-art pretraining methods including XLNet (Yang et al.,
2019), RoBERTa (Liu et al., 2019), ERNIE 2.0 (Sun et al., 2019), and ALBERT (Lan et al.,
2019). CERT achieves a performance close to XLNet, with a much lower consumption of
computing resources and on a much smaller text corpus. XLNet, RoBERTa, ERNIE 2.0,
and ALBERT are trained on hundreds of to thousands of GPU machines for several days,
while CERT is trained using a single GPU for a dozen of hours. In addition, these models
are trained on tens of or hundreds of gigabytes of texts while CERT is only trained on about
400 KB of texts. CERT can be built on top of these pretrained models as well, which will








Table 1: Matthews correlation on CoLA validation set. (*)Reported performance in (Lan
et al., 2019).
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Table 2 shows the accuracy on the RTE validation set. CERT achieves an accuracy of
74.0%, which is largely better than the 70.4% accuracy achieved by BERT. This further
demonstrates the effectiveness of CSSL pretraining. Table 3 shows accuracy on the QNLI
validation set. CERT performs better than BERT, though the improvement is not as
significant as that in CoLA and RTE. One possible reason is that the QNLI training data is
much larger than CoLA and RTE, and therefore is more robust to overfitting, which makes
















Table 3: Accuracy on QNLI validation set. (*)The reported performance in (Lan et al.,
2019) is 92.3, which we were not able to reproduce.
6. Related Works
6.1. Pretraining for learning language representation
Recently, pretraining on large-scale text corpus for language representation learning has
achieved substantial success. The GPT model (Radford et al., a) is a language model (LM)
based on Transformer. Different from Transformer which defines a conditional probability
on an output sequence given an input sequence, GPT defines a marginal probability on a
single sequence. In GPT, the conditional probability of the next token given the historical
sequence is defined using the Transformer decoder. The weight parameters are learned by
maximizing the likelihood on the sequence of tokens. GPT-2 (Radford et al., b) is an ex-
tension of GPT, which modifies GPT by moving layer normalization to the input of each
sub-block and adding an additional layer normalization after the final self-attention block.
Byte pair encoding (BPE) (Sennrich et al., 2015) is used to represent the input sequence of
tokens. BERT-GPT (Wu et al., 2019) is a model used for sequence-to-sequence modeling
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where pretrained BERT is used to encode the input text and GPT is used to generate the
output text. In BERT-GPT, the pretraining of the BERT encoder and the GPT decoder
is conducted separately, which may lead to inferior performance. Auto-Regressive Trans-
formers (BART) (Lewis et al., 2019) has a similar architecture as BERT-GPT, but trains
the BERT encoder and GPT decoder jointly. To pretrain the BART weights, the input
text is corrupted randomly, such as token masking, token deletion, text infilling, etc., then
the network is learned to reconstruct the original text. ALBERT (Lan et al., 2019) uses
parameter-reduction methods to reduce the memory consumption and increase the train-
ing speed of BERT. It also introduces a self-supervised loss which models inter-sentence
coherence. RoBERTa (Liu et al., 2019) is a replication study of BERT pretraining. It
shows that the performance of BERT can be significantly improved by carefully tuning the
training process, such as (1) training the model longer, with bigger batches, over more data;
(2) removing the next sentence prediction objective; (3) training on longer sequences, etc.
XLNet (Yang et al., 2019) learns bidirectional contexts by maximizing the expected likeli-
hood over all permutations of the factorization order and uses a generalized autoregressive
pretraining mechanism to overcome the pretrain-finetune discrepancy of BERT. T5 (Raffel
et al., 2019) compared pre-training objectives, architectures, unlabeled datasets, transfer
approaches on a wide range of language understanding tasks and proposed a unified frame-
work that casts these tasks as a text-to-text task. The unified model was trained on a large
Colossal Clean Crawled Corpus, which was then transferred to diverse downstream tasks.
ERNIE 2.0 (Sun et al., 2019) proposed a continual pre-training framework which builds and
learns incrementally pre-training tasks through constant multi-task learning, to capture the
lexical, syntactic and semantic information from training corpora.
6.2. Self-supervised learning
Self-supervised learning (SSL) aims to learn meaningful representations of input data with-
out using human annotations. It creates auxiliary tasks solely using the input data and
forces deep networks to learn highly-effective latent features by solving these auxiliary tasks.
Various strategies have been proposed to construct auxiliary tasks, based on temporal cor-
respondence (Li et al., 2019; Wang et al., 2019a), cross-modal consistency (Wang et al.,
2019b), etc. Examples of auxiliary tasks include rotation prediction (Gidaris et al., 2018),
image inpainting (Pathak et al., 2016), automatic colorization (Zhang et al., 2016), context
prediction (Nathan Mundhenk et al., 2018), etc. Some recent works studied self-supervised
representation learning based on instance discrimination (Wu et al., 2018) with contrastive
learning. Oord et al. proposed contrastive predictive coding (CPC) to extract useful rep-
resentations from high-dimensional data (Oord et al., 2018). Bachman et al. proposed a
self-supervised representation learning approach based on maximizing mutual information
between features extracted from multiple views of a shared context (Bachman et al., 2019).
Most recently, Chen et al. presented a simple framework for contrastive learning (Sim-
CLR) (Chen et al., 2020a) with larger batch sizes and extensive data augmentation (Lee
et al., 2019), which achieved results that are comparable with supervised learning. Momen-
tum Contrast (MoCo) (He et al., 2019; Chen et al., 2020b) expanded the idea of contrastive
learning with an additional dictionary and a momentum encoder. He et al. (2020) proposed
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an Self-Trans approach which applies contrastive self-supervised learning on top of networks
pretrained by transfer learning.
7. Conclusions
In this work, we propose CERT, a pretraining approach for language representation learning.
CERT takes a pretrained language representation model such as BERT and continues to
train it using contrastive self-supervised learning on the input texts of the target task. It uses
back-translation to generate augmented sentences for each original sentence in the target
data, and trains the network by predicting whether two augments are from the same original
sentence or not. Then the pretrained CERT model is finetuned on the input texts and their
labels in the target task. On three natural lanuage understanding tasks, CERT outperforms
BERT significantly, demonstrating the effectiveness of contrastive self-supervised learning
for language representation.
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